the control of environmental pollution, and more than 30 regional governments established special funds to support emission reduction projects all over the country in 2016 [3] [4] .
Energy conservation and emission reduction have become a basic state policy. On 30 December 2015 Chinese President Xi attended the conference of Parties and delivered an important speech titled "Work Together to Build a Win-Win, Equitable and Balanced Governance Mechanism on Climate Change." "In its intended nationally determined contributions," he said, "China pledges to peak carbon dioxide emissions by around 2030 and strives to achieve this as soon as possible, and by 2030 reduce carbon dioxide per unit of GDP by 60-65% over the 2005 level, raise the share of non-fossil fuels in primary energy consumption to about 20%, and increase forest stock by around 4.5 billion cubic meters over 2005" [3] .
The realization of these urgent goals of emissions reductions hinges on better governance. So, what is governance and how does it affect emissions reductions? The most widely accepted definition of governance was proposed by Kaufmann (1999) . He held that governance covered the following aspects: the right to speak, accountability system, political stability, the rule of law, regulatory quality, and corruption control [5] . Acemoglu et al. (2005) argued that a sound system was conducive to safeguarding the legitimate rights and interests of market participants [6] . It can be seen that governance is a rich concept, and it is difficult to give it an accurate definition.
However, many scholars have studied the impact of governance on regional emissions reductions from different perspectives. Some scholars believed that environmental regulation is the most effective way for protecting resources and controlling pollution, and it is also very important for China realizing energy-saving and emission-reduction targets that construct a rational environmental regulation policy system [7] [8] [9] . Gani (2012) pointed out the significant negative correlation between the level of legal regulation and CO 2 emissions [10] . Zhang et al. (2014) believed that environmental regulation would not only have a direct impact on carbon emissions, but also exert an indirect impact on energy consumption structure [11] . Huang et al. (2014) and Xiu and Liu (2014) also found that environmental regulation has an important impact on regional emissions reductions [12] [13] . Hampf and Rødseth (2014) analyzed the economic effects of implementing the U.S. EPA's newly proposed regulations for CO 2 on existing U.S. coal-fired power plants, and found that by adopting best practices current profits can be maintained even if an intensity standard of 0.88 tons of CO 2 per MWh is implemented [14] . Huang and Gao (2016) showed that environmental regulations have an inverted "U"-shaped impact on the efficiency of energy conservation and emission reduction [15] . Cheng et al. (2017) found that there are both significant positive global autocorrelation and local spatial cluster effects relating to pollutant emissions and technical progress [16] .
More scholars have studied the relationship between corruption and the environmental Kuznets curve and found that corruption has an important impact on environmental quality [17] [18] [19] [20] [21] [22] . Based on the EKC hypothesis, Cole (2007) discovered the positive impact of corruption on per capita CO 2 and SO 2 emissions [18] . Leitão (2011) , Shackleton et al. (2012) and Khan et al. (2014) showed that the control of corruption was a significant governance factor reducing CO 2 emissions [23] [24] [25] . Sundström (2013) argued that a country might not be able to enforce strict environmental regulations amidst the prevalence of corruption [26] . Zhang et al. (2016) found that the effect was negative in lower emissions countries but weak in higher emitters in APEC [27] . Sekrafi and Sghaier (2016) believed that corruption has an indirect effect on economic growth through energy consumption and environmental quality, an indirect effect on environmental quality through economic growth, and an indirect effect on energy consumption through CO 2 emissions and GDP [28] .
In addition, government expenditure also has an important effect on environmental output [29] . Galinato (2013) found that an increase in total government spending significantly increased forest land clearing for agricultural production in the short run, and then more carbon dioxide emissions will be produced [30] . Xiao et al. (2013) showed that the direct impact of local government spending on CO 2 emissions was significantly negative in China [31] . Fritzsche and Jeff (2013) described a revision of the 2002 greenhouse gas emission reduction expenditure estimates made by Canadian businesses [32] , and Galinato and Galinato (2016) also found that government's public expenditure has a negative effect on carbon emissions [33] [34] [35] [36] [37] .
Foreign scholars have made many meaningful explorations about the effect of governance on regional emissions reduction. Nevertheless, these studies were mostly targeted at developed countries in Europe and North America. Although a few scholars have analyzed the situation of developing countries in Latin America, their systematic analysis in China has not been reported. What is more, the existing research when considering the relationship between the two have not fully investigated the regional space spillover problem of regional emissions, but this phenomenon is ubiquitous.
Therefore, this paper aims to disclose the effect of governance on regional emissions reduction in China. The main contribution of this research has 3 aspects: 1) By using the spatial data exploration method, this paper analyzes the spatial correlation and spatial spillover characteristics of regional CO 2 emissions. 2) This paper systematically examines the relationship between good governance and CO 2 emissions from 3 aspects such as the level of regional legal regulation, the level of public expenditure, and the level of corruption.
3) Based on empirical analysis, this paper provides beneficial policy recommendations to reduce carbon emissions.
Material and Methods

Research Methods
The term spatial autocorrelation refers to analyzing the correlation of the same variable in different spatial locations. The analysis method includes global spatial autocorrelation and local spatial autocorrelation. There are 3 possible results: positive spatial autocorrelation, negative spatial autocorrelation, and no spatial autocorrelation [38] .
The Theory and Method of Global Spatial Autocorrelation
Global spatial autocorrelation detects the spatial pattern of the whole research area and uses a single value to reflect the autocorrelation of the entire region. In this paper, the global spatial autocorrelation index is adopted to test the global spatial autocorrelation [39] . The global spatial autocorrelation index is denoted as Global Moran's I. The calculation process is given in formula (1): …where I is the global spatial autocorrelation index; n is the number of spatial unit data; x i and x j are the attribute values of the spatial units i and j, respectively; and w ij is the spatial weight coefficient matrix to describe the adjacency relation of each spatial unit.
The Theory and Method of Local Spatial Autocorrelation
Local spatial autocorrelation detects the association between each spatial unit and its neighbors on a certain attribute. It can be expressed by local indicators of spatial association (LISA). According to the properties of spatial autocorrelation, this paper calculates the autocorrelation of a local region by local autocorrelation index, which is denoted as Local Moran's I. The calculation process is given in Formula (2).
…where I i is the local spatial autocorrelation index; n is the number of spatial unit data; x i and x j are the attribute values of the spatial units i and j, respectively; and w ij is the spatial weight coefficient matrix to describe the adjacency relationship of each spatial unit.
Establishing the Spatial Weight Matrix
The spatial weight matrix expresses the spatial arrangement of the observable variables between different regions [40] . The adjacent relationships between several regions are often illustrated by a binary symmetric spatial weight matrix (W). The matrix is expressed as below: (3) … where n is the total number of regions and W ij is the adjacency relationship between regions i and j. In this research, the weight matrix is constructed based on the spatial adjacency relationship. In other words, if region i and region j share a common vertex or common boundary, W ij is 1; otherwise, W ij is 0.
Model Building
The spatial econometric model for the effect of governance on regional emission reduction is constructed based on the EKC research results obtained by Grossman and Krueger (1994) , Seldon and Song (1994) , and the model used by Gani (2012) [10, [41] [42] . According to Anselin (1995), classical spatial econometric models include spatial lag model (SLM) and spatial error model (SEM) [43] . As it is impossible to determine which of the 2 models is superior during the modeling phase, 2 types of model are designed to thoroughly reveal the effect of governance on regional emission reduction [39] . The SLM model is expressed by Formula (4) and the SEM model by Formula (5): 
…where subscripts i and t represent region and year, lnCO 2it denotes CO 2 emissions, lnpcgdp it is the per capita GDP, lnrol it represents the level of legal regulation, lngme it is the level of government public expenditure, lnrc it is the level of corruption, and X it is other control variables affecting regional CO 2 emissions. In Formula (4), WlnCO 2it is the spatial lag variable, ρ is the spatial spillover effect of the CO 2 emissions, and its values fall between -1 and 1, and ε is the independent random error vector. In Formula (5), λ is the spatial error autocorrelation coefficient and its values fall between -1 and 1, and μ it is the random distribution vector of normal distribution.
Data Source and Index Selection
The carbon emission targets are mainly calculated according to the method of the Intergovernmental Panel on Climate Change (IPCC). Since fossil energy consumption is the main source of carbon emissions, this paper computes CO 2 emissions in light of the energy consumption data of the provinces over the years. According to the China Energy Statistical Yearbook, there are ultimately 9 major categories of energy consumption: coal, coke, crude oil, gasoline, kerosene, diesel oil, fuel oil, natural gas, and electricity. Considering that electricity is produced through the consumption of other types of energy, it is not taken into account to avoid duplication. In order to calculate the CO 2 emissions of each province, the total energy consumption of the first 8 types of energy is multiplied by the respective carbon emissions coefficient. The formula is as follows:
… where C it is the total CO 2 emissions of province i in year t; E ijt is the consumption of the j-th type of energy of province i in year t; and η j is the carbon emission coefficient of the j-th type of energy. In the original statistics, the consumptions of various types of energy are physical statistics that must be converted to standard statistics for measuring carbon emissions. The conversion method is provided in the China Energy Statistical Yearbook (2008): coal equals 0.7143 kg standard coal/kg, coke equals 0.9714 kg standard coal/kg, crude oil and fuel oil equal 1.4286 kg standard coal/kg, gasoline and kerosene equal 1.4714 kg standard coal/kg, diesel oil equals 1.4571 kg standard coal kg, natural gas equals 13.300 t standard coal/104 m 3 , and electricity equals 1.229 t standard coal/104 kWh. This paper also put the carbon emission coefficients of various types of energy as: coal equals 0.7476t carbon/t standard coal, gasoline equals 0.5532t carbon/t standard coal, diesel oil equals 0.5913t carbon/t standard coal, natural gas equals 0.4479t carbon/t standard coal, kerosene equals 0.3416t carbon/t standard coal, fuel oil equals 0.6176t carbon/t standard coal, crude oil equals 0.5854t carbon/t standard coal, and coke equals 0.1128t carbon/t standard coal [44] . In this paper, the level of governance is measured from [37, [49] [50] . According to the strategy adopted by scholars like Wan and Wu (2012), Li and Liu (2013) , and Liao and Xia (2015), the level of corruption is characterized by the number of corruption cases reported by the procuratorial organ in each province [40, [51] [52] .
This paper considers the impact of trade openness (trd) and industrial structure (ic) on regional CO 2 emissions. Trade openness is put into consideration because many developed countries have tried to reduce emissions by shifting heavily polluting industries to developing countries with relatively low GHG emissions [53] . According to Gani (2012) and Hassaballa (2015), trade openness is measured by the percentage of trade share in gross domestic product [10, 21] . The industrial structure is examined in view of the significant difference in environmental pollution and CO 2 emissions of different industries. When industry takes up a major portion in a country's industrial structure, the country is highly likely to face high pollution and high emissions [54] . Drawing lessons from Li and Wang (2015), industrial structure is measured by the proportion of the secondary industry in GDP [37] . Carbon dioxide data from the China Energy Statistics Yearbook and the number of corruption and malfeasance cases are extracted from the annual work reports by regional people's procuratorates in procuratorial yearbooks of China, other data are derived from the corresponding year's China Statistical Yearbook. Furthermore, all variables are subjected to logarithmic treatment in order to eliminate the possible heteroscedasticity between them. The variable definitions and descriptive statistical results are shown in Table 1 . In terms of spatial distribution, there are obvious differences in CO 2 emissions among the provinces. Fig. 2 shows the total and average CO 2 emissions of Chinese provinces from 2002 to 2013. Overall, Shandong ranks first in total carbon emissions (2.65 billion tons) during these years, followed by Shanxi, Hebei, Jiangsu, and Liaoning. These provinces boast high carbon emissions due to the concentration of heavy and/or coal industries. Qinghai and Hainan rank the lowest and second lowest in total carbon emissions. From 2002 to 2013, the total carbon emissions of Shandong were about 30 times that of Qinghai and 25 times that of Hainan.
Results and Discussion
Current Status and Spatial Correlation Analysis of CO 2 Emissions in China
Spatial Correlation of CO 2 Emissions in China
During the exploration into the spatial correlation of CO 2 emissions in China, this paper first calculated the global Moran I values by exploratory spatial data analysis to test the spatial correlation of CO 2 emissions in China, and then verified the spatial distribution pattern by Moran scatter plot and LISA aggregation map. Table 2 .
The spatial positive autocorrelation of carbon emissions is relatively stable between Chinese provinces. As shown in Table 2 As can be seen from Fig. 3 , most Chinese provinces are distributed in the first and third quadrants of Moran scatter plots. 18 provinces fall into these quadrants in any of the 3 typical years (8 in the first quadrant, 10 in the third quadrant). Overall, 60% of the provinces are located in the first and third quadrants of Moran scatter plots in the 3 years, respectively. The distribution further testifies that CO 2 emissions in China exhibit significant spatial autocorrelation.
For further identification, the local spatial correlation mode of CO 2 emissions in China and LISA cluster maps are used to test the spatial correlation degree of local areas. The results are shown in Fig. 4 .
As can be seen from According to the analysis of LISA cluster maps of CO 2 emissions in China in 2002, 2007 , and 2013, the high-carbon emissions high-high cluster region has expanded from 2002 to 2013. Part of the low-carbon emissions low-high cluster region has gradually evolved into high-carbon emissions high-high cluster region, lowcarbon emissions low-low cluster region is shifting to the eastern part of China, and the high-low cluster region remains relatively stable.
Spatial Econometric Test of the Effect of Government Governance on CO 2 Emissions
Spatial Correlation Test and Model Selection
Before analyzing the spatial relationship between government governance and regional carbon dioxide emissions, SLM and SEM need to be selected. In this paper, the model is tested by spatial autocorrelation. The results are shown in Table 3 . From the results in Table 3 , the LM test of no spatial lag value is 19.6866, and through the 1% significance level test, LM test of no spatial error test value is 17.3192, but does not pass the significance test, indicating that the SLM model is better than the SEM model. Therefore, the SLM model is used to start empirical analysis in the following.
Estimated Results of Spatial Econometric Model
Matlab 2016a is used for empirical analysis on the SLM model, aimed at disclosing the effect of governance on regional CO 2 emissions from 4 aspects: non-fixed effect (NFE), spatial-fixed effect (SFE), time periodfixed effect (TFE), and space and time period-fixed effect (STFE). The empirical results are shown in Table 4 .
Geographic proximity has a significant positive impact on China's regional CO 2 emissions. According to the results of NFE, SFE, TFE, and STFE of SLM, the spatial lag coefficients ρ of the four models are 0.0700, 0.2340, 0.0280, and -0.0560, respectively. The spatialfixed effect model is the only one with a significant spatial lag coefficient ρ at the 1% level -evidence for the spatial autocorrelation of regional CO 2 emissions in China. If the adjacent areas have high CO 2 emissions, the local region tends to have large CO 2 emissions. The spatial lag coefficient ρ stands at 0.2340, indicating that the CO 2 emissions in the region increase by 0.234% for each additional 1% of CO 2 emissions in the adjacent areas. Thus, the CO 2 emissions reflect the spatial clustering phenomenon.
Secondly, governance has a significant impact on regional emissions reduction. From the empirical results of the SFE model, it can be seen that the level of legal regulation is negatively correlated with the regional CO 2 emissions at the significance level of 1%. This means that the stricter the level of legal regulation, the lower the level of regional carbon emissions, indicating that the implementation of emission reduction policies and regulations help to decrease CO 2 emissions. Thus, good legal regulation is beneficial to the realization of emission reduction targets. The level of government public expenditure is also positively correlated with CO 2 emissions at the significance level of 1%, indicating that the government emission reduction expenditure provides financial support to enterprises, promotes the enterprises' emission reduction practice, and leads to the decline of CO 2 emissions. The regional corruption is negatively correlated with regional CO 2 emissions at the significance level of 10%, signifying that the higher the degree of corruption, the lower the level of regional carbon emissions. Thus, the immense impediment of regional corruption to regional emission reduction is not supported. A possible reason is that corruption breeds rent-seeking behavior, which hinders economic growth and reduces regional carbon dioxide emissions. Then, there is an inverted "U"-shaped relationship between per capita GDP and CO 2 emissions. According to Table 4 , the first and second terms of per capita GDP have a significant effect on the growth of CO 2 emissions. The corresponding T statistics are 4.1100 and -2.4027, respectively. The first term is significantly positively correlated with CO 2 emissions at the 1% level, and the second term is significantly negatively correlated with CO 2 emissions at the 5% level. The results demonstrate the inverted "U"-shaped relationship between economic income and CO 2 emissions, and confirm that at the beginning of economic development, the overall CO 2 emissions of the country with the increase of economic income; when the level of economic development reaches a certain height, the CO 2 emissions will slow despite further increases in national economic income. In other words, there is an inverted "U"-shaped relationship between the level of economic development and CO 2 emissions.
In addition, economic openness and industrial structure are 2 major influencing factors of regional CO 2 emissions. The empirical results of spatial-fixed effect show that economic openness is negatively correlated with regional CO 2 emissions: the higher the degree of regional economic openness, the freer the trade and the lower the CO 2 emissions in the region. The significant positive correlation between industrial structure and regional CO 2 emissions demonstrates that regional CO 2 emissions grow with the proportion of industry in the regional economy.
Conclusions
In this paper, the exploratory spatial data analysis is adopted to analyze the spatial correlation of regional CO 2 emissions, and the spatial econometric model is used to test its effect on CO 2 emissions. The main conclusions and policy implications are as follows.
First, the spatial positive autocorrelation of carbon emissions is relatively stable between Chinese provinces. The overall global Moran's I values from 2002 to 2013 fall between 0.2 and 0.3, showing a trend of volatility. However, the fluctuation is insignificant and the overall trend is rather stable. As for the spatial distribution of CO 2 emissions in Chinese provinces, the distribution bears some features of spatial clustering, and highcarbon emission areas are adjacent to high-carbon emission areas, and low-carbon emission areas are adjacent to low-carbon emission areas. Part of the lowcarbon emission low-high cluster region has gradually evolved into high-carbon emission high-high cluster region; the low-carbon emission low-low cluster region is shifting to the eastern part of China; and the high-low cluster region remains relatively stable. Second, governance has a significant impact on regional emissions reduction. From the empirical results it can be seen that the level of legal regulation and regional corruption are significantly negatively correlated with regional CO 2 emissions, indicating that stricter law enforcement by the government can reduce regional CO 2 emissions, and high levels of government corruption is conducive to reducing regional CO 2 emissions. Meanwhile, the level of public expenditure is significantly positively correlated with regional CO 2 emissions. Thus, more governmental financial support lowers CO 2 emissions. Furthermore, the relationship between CO 2 emissions and per capita GDP reveals the inverted "U"-shape, which means that carbon emissions will increase with the increase of economic income in the beginning, when the economic income reaches a certain level, carbon emissions will decline. Based on the above conclusions, the author comes up with the following suggestions: 1) In view of the spatial clustering features of regional CO 2 emissions, the government should formulate governance policies targeted at specific agglomeration regions. For example, the high-carbon emission highhigh cluster region, as the key governance area, must be the focal point of attention and governance.
2) The government should further improve environmental laws and regulations, roll out detailed emission reduction policies, strengthen law enforcement and supervision, and promote the realization of emission reduction targets. 3) Since the government's public expenditure provides strong support to an enterprises' low-carbon emission reduction activities, the government must step up capital investment, create a special fund for corporate emissions reduction, and actively support enterprises to carry out emission reduction practices. Besides, the government should pay more attention to the management of corruption, in the empirical study, although corruption is conducive to reducing regional carbon emissions, whether is because corruption curbs economic growth and causes this phenomenon? Further study of the problem is required.
